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Hardware implementation of a convolutional neural network
for mobile terminal based on FPGA

LI Bing-chen, HUANG Lu

(School of Microelectronics, University of Science and Technology of China, Hefei 230026, China)

Abstract; Convolutional neural networks are an important model of deep learning and are widely used in image
processing and other fields. The commonly used neural network model is complex and has many parameters, which
is not suitable for running on the mobile end. Based on the idea of modularization and hardware reuse, this paper
presents a hardware implementation of handwritten digital character recognition network based on FPGA. Based on
the principle of MobileNet, the structure is improved, and the algorithm hardware acceleration is realized, and the
number of parameters of the network and the overall calculation amount are effectively reduced. The experimental
results based on the MNIST dataset show that compared with the traditional neural network, the parameter size of
the improved structure is reduced by 23. 26%, and the calculation amount is reduced by 31. 32%. The entire
network is implemented with less resources and lower power consumption while maintaining the same speed.

Key words: FPGA; convolutional neural network; hardware acceleration; MobileNet; mobile terminal

1 == Net- 45,
= CNN Y BB &S 25 T H B4 1 PL . DL
LR ZE 25 (CNND & TR B 2 > 1) — Ff i 2L AR PREFERE A HE T, CNN SR I BUE 2L 22 (1) S5 48, [
BT, PR JHC v B 1) MR R e R A RE T . ) G T RER A 5 2% /D T AUE R B T4
T3 2800 B ARRI L H pr B g SSEaUR. H g (AR RES s A PR RS P RE A HE T, i CNIN [ B
eH AR CNN 258945 VGG | GoogleNet™ | Res-  BYJZ U K L5 E N ifii (i FLREAE AT oF 2 5

Wi BEE: 2018—12—20; 1EE HHA. 2019—01—16
EE&WH.: ERAKESE FIH (61874102)



8 T T AL

2019 4F

BRI

BARILTF FPGA 528 CNN [JAH SCRFSY i R AR
2 (HHHT CNN K2k £ 235 % 7 CPU 5 GPU
ERE ARG AR CNN 2R FE 0% 23 8] L
L REFE DT T 1 BT 2R, 288 2h 0 42 2 2 vty o LA

HRAZ N 1 iR,
1 R ONNEMMITEEMSHE
s GoogleNet VGG16 ResNet50
AR 1. 58G 15.5G 3. 86G
e 6. 99M 138M 25.5M

ST LA BRI, —Se P AR NG T 2047 M 2%
SR /N B AR B BIF 5T T AR G P A SR Y Mo-
bileNet 45445, 75 JLF- /N 52 W o i B2 19 19 0 T 24
1 FRESEHMAB S H IR 9020199820, g CNN 7
i) KA T — RS IR TT 2.

2  MobileNet Z5¥ B EIF

MobileNet f#%. 0 JE AR FH TR JEE ] 0 7 5 71
(depth-wise separable convolution) %% 4 3 ¢ & (&
i 3D B LA HE— D> T S TR
I £ A TR N S B0 W 0 B A5 A5 FR I 2% ]
LRz i e R s F- 5 F.

TREE AT 53 B 4 S Ak 0 AR

(D K 1) FiR AEGAEREEH Rk M K
Ty A )3 E R, D S R SERT S Dk S BRI
LN B4 N A BBAZAPE5E 285 A S BTt
B

Dx X Dg X M X N X Dg X Dg (D

(2) Ul 1Co) iz » R EE T 73 15 2 R A L e
—H NG S PO, B S P B
— AN TE B L R BRI TR R R

() g ERLR

(b)R T 7> B E R

B ASsREnRETAEERTE

Dx X Dk XM X1 X Dg X Dg (2)

A S 2 5 T — S 1% 1 A
1A PR — 2 B 25 SR L B S B RIME G2 6 BUM [
F o Y OS2 B P

11X MX N X Dy X Dy (3)

LA R 1T 3 A PR M 1 50t

Dx XD XM X Dp X Dp+MXN X Dg X Dg

)

(3) L LAl A5, TR EE ] 7y B B AL A5 A 3 B
BEG GRS
Dx X Dx XM X D X Dg +M X N X Dp X Dg _

Dx X Dg XM X N X Dg X Dg

%+§r (5)

WA 1 SRZE T T R 4 S Bk %
UG 38 B 1 5.

3 MEFIZITHFER

3.1 CNN ZH#HEZSE
AR SCR ) CNN 5K T .
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Convl: 3 kernels, size 5X5, padding = 0, stride = 1;
. size 2 X 2, stride = 2;
Conv2: 6 kernels, size 5X5, padding = 0, stride = 1;

Maxpooling1

Maxpooling?2 : size 2 X 2 , stride = 2;

Fc: 10 parameters;

Softmax: classification result;
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